Abstract-We present DeepISP, a full end-to-end deep neural model of the camera image signal processing (ISP) pipeline. Our model learns a mapping from the raw low-light mosaiced image to the final visually compelling image and encompasses low-level tasks such as demosaicing and denoising as well as higher-level tasks such as color correction and image adjustment. The training and evaluation of the pipeline were performed on a dedicated dataset containing pairs of low-light and well-lit images captured by a Samsung S7 smartphone camera in both raw and processed JPEG formats. The proposed solution achieves state-of-the-art performance in objective evaluation of PSNR on the subtask of joint denoising and demosaicing. For the full end-to-end pipeline, it achieves better visual quality compared to the manufacturer ISP, in both a subjective human assessment and when rated by a deep model trained for assessing image quality.
I. INTRODUCTION
I N recent years, the use of high resolution cameras in mobile phones has become increasingly popular. However, due to space constraints, their hardware is limited with respect to the pixel size and the quality of the optics. Moreover, mobile phones are usually hand-held, thus, not stable enough for long exposure times. Therefore, in these devices the imaging hardware must be paired with capable algorithms to compensate for these limitations. For these reasons, the focus of this work is on low-light mobile image processing. In particular, our goal is to propose a radical alternative to the existing ISP (image signal processor) in such devices.
ISP is a special hardware in cameras dedicated to image processing tasks. It is also used as a synonym for the image processing pipeline. This pipeline encompasses a sequence of operations, ranging from low-level demosaicing, denoising and sharpening to high-level image adjustment and color correction. Typically, each task is performed independently according to different heavily engineered algorithms per task.
Deep learning (DL)-based methods, and more specifically convolutional neural networks (CNNs), have demonstrated considerable success in such image processing tasks. For example, these models have produced state-of-the-art results for demosaicing [1] , [2] , denoising [3] - [9] , deblurring [10] - [15] and super-resolution [16] - [20] . Traditional image processing algorithms commonly rely on hand-crafted heuristics, which require explicitly defining the prior on natural images statistics. This research was funded by ERC StG RAPID and ERC StG SPADE. The authors are grateful to NVIDIA's hardware grant for the donation of the Titan X that was used in this research.
Some examples of priors used in the literature are: a sparse representation in a redundant dictionary [21] , local smoothness [22] and non-local similarity [23] . An advantage of DL-based methods is their ability to implicitly learn the statistics of natural images. Moreover, recent research has demonstrated that CNNs are inherently good at generating high-quality images, even when operating outside the supervised learning regime, e.g., [24] and [25] .
Some studies have explored the application of deep learning for other image enhancement tasks. For example, the mapping between pairs of dark and bright JPEG images is learned in [26] . Another example is learning a mapping from mobile camera images to DSLR images [27] . Note that these two works (among others) do not perform end-to-end processing. Instead, they begin from an image already processed by an ISP.
Conditional generative adversarial networks (CGANs) are another common approach for image enhancement. These models consist of a generator and a discriminator. The generator maps the source domain distribution to an output domain distribution given an input image. The learning is accomplished by having a discriminator that learns to distinguish between generated images and real images and optimizing the generator to fool the discriminator. In one example, color correction for underwater images was learned using such an adversarial loss (in addition to other loss terms) [28] . More examples of GAN used for image restoration are superresolution [18] and blind deblurring [15] . A main limitation of GANs is that they are not very stable in training and tend to suffer from mode collapse, so only a subset of the domain distribution is generated. For this reason, the use of GANs for image enhancement requires adding other loss terms.
In contrast to the traditional approach that solves independently the sequence of tasks performed in the standard ISP, DL allows to jointly solve multiple tasks, with great potential to alleviate the total computational burden. Current algorithms were only able to accomplish this for closelyrelated tasks, such as denoising and demosaicing [29] or super-resolution and demosaicing [30] . These studies have shown the advantage of jointly solving different tasks. In this paper, we demonstrate the ability to jointly learn in an endto-end fashion the full image processing pipeline. Such an approach enables sharing information (features) between parts of the network that perform different tasks, which improves the overall performance compared to solving each problem independently.
Contribution. This paper has three main contributions:
Well-lit (ground truth) Low-light raw input Samsung S7 DeepISP level image enhancement that achieves state-of-the-art results for joint denoising and demosaicing.
• Secondly, we extend the model to an end-to-end image processing pipeline that we name DeepISP, which accepts a raw image as the input and outputs a final high perceptual quality image.
• Finally, we release to the public domain the S7 ISP dataset, containing raw and processed JPEG images of the same scenes captured by a Samsung S7 phone camera with normal (automatically chosen) exposure time and shorter exposure time simulating low-light conditions.
II. THE DEEPISP NETWORK
We turn to describe now our proposed data-driven solution for the image processing pipeline. The model jointly learns low-level corrections, such as demosaicing and denoising, and higher level global image restoration in an end-to-end fashion. Our motivation is that different tasks in this pipeline can be performed better when performed simultaneously. In addition, it has an advantage with respect to computational efficiency as computed features are shared between the different tasks.
A. Network Architecture At each layer, 61 out of the 64 channels are standard feed-forward features (left column in the diagram). The other 3 channels contain a correction for the RGB values of the previous block, i.e., they contain a residual image that is added to the estimation of the previous layer. Clearly, the first block of the network has a similar structure but with only the 3 channels of the input image (and not 64 as the other blocks). The nonlinearities used are ReLU for the feature blocks and tanh for the residual ones.
The architecture of the low-level part is inspired by the one suggested in [3] for denoising. Similarly to [3] , small convolutions are applied and each block produces a residual image. Unlike [3] , where all residual images are accumulated at the last layer, we perform the summation at each block, thus, allowing the network to get at each level the current image estimate in addition to the calculated features.
b) High-level stage: The last block at the low-level stage forwards the 61 feature channels in one path and the currently estimated image (I) in another path to the high-level stage of the network. The latter uses the features from the low-level stage for estimating a transformation W that is then applied to the image corrected by the first stage (I) to produce a global correction of the image.
This stage includes a sequence of N hl convolution layers with filters of size 3×3 and stride 2. Each layer is followed by a 2 × 2 max-pooling. The purpose of the strides and pooling is getting a large receptive field and lowering the computational cost. A global mean-pooling is applied to the output of these convolutions, resulting in a single feature vector. This is followed by a fully connected layer that produces the parameters of the transformation W .
In this work, we use a quadratic function of the pixel's R, G, and B components; it is applied pixel-wise as
where triu(·) is the vectorized form of the elements in the upper triangular of a matrix (to discard redundancies such as r·g and g·r). The operator W ∈ R 3×10 maps the second-order monomials of each pixel to a new RGB value. This family of transformations has been selected by the observation that on real pairs of raw low-light and processed well-lit images, linear regression is inadequate for approximating the transformation between the two. On the other hand, a quadratic transformation produces pleasant looking images.
Our solution for the high-level stage of the network is related to a very recent work in [31] , where a model is also learned to predict a transformation that is then applied to an input image. The transformation presented in [31] is local and not global like in our work. We found that when combined with the low-level part of the network, using a global model is sufficient for the task at hand and enjoys better convergence and stability. [29] .
B. Loss
A commonly used loss for image restoration is the 2 -distance. While it optimizes mean squared error (MSE), which is directly related to the peak signal-to-noise ratio (PSNR), it leads to inferior results with respect to perceptual quality compared to other loss functions [41] .
When training the network just for the task of joint denoising and demosaicing (i.e., using only its lower level), we use the 2 -loss and measure the performance in PSNR. Yet, in the case of the full ISP, PSNR is meaningless because a small deviation in the global color will result in a very large error (and low PSNR), while having no effect on perceptual quality. In this case, we use a combination of the 1 norm and the multi scale structural similarity index (MS-SSIM) to get a higher perceptual quality as suggested in [41] .
In the full ISP case, the loss function is defined in the Lab domain. Because the network operates in the RGB color space, for calculating the loss, the network output needs to go through an RGB-to-Lab color conversion operator. This operator is differentiable almost everywhere and it is easy to calculate its gradient. While we compute the 1 loss on all the three Lab channels, the MS-SSIM is evaluated only on the luminance (L) channel:
The reasoning behind this design choice is that we want the model to learn both local (captured by MS-SSIM) and global (enforced by 1 ) corrections. Applying MS-SSIM to the luminance channel enables learning local luminance corrections even before the color (a and b channels) has converged to the target value. Also, MS-SSIM is based on local statistics and is mostly affected by the higher frequency information, which is of lower significance in the color channels.
III. JOINT DENOISING AND DEMOSAICING
We start by evaluating our solution on the task of joint denoising and demosaicing. There is a considerable research examining this task and recent studies (e.g., [1] and [2] ) Ground Truth Input (Bilinear) Output have benchmarked on the MSR demosaicing dataset [29] . For the task of joint denoising and demosaicing, we used the Panasonic images in the MSR dataset for training, and report results for both the Panasonic and Canon test sets (disjoint from the training sets).
As the denoising and demosaicing task requires only local image modifications, we only use the low-level stage of the network and set the number of blocks to N ll = 20. The mosaiced raw image is transformed to an RGB image by bilinear interpolation during the preprocessing stage. We retained the test set as specified in the dataset and split the remaining 300 images into 270 for training and 30 for validation. The resolution of all images was 132 × 220; although some were captured in portrait mode and some in landscape mode, we used all images in landscape orientation. The data were further augmented with random horizontal and vertical flipping. The network was trained for 5000 epochs using the Adam optimizer with learning rate 5 × 10 −5 , β 1 = 0.9, β 2 = 0.999 and = 10 −8 .
Some examples of our restoration results are shown in Fig. 3 , while a comparison to other methods is summarized in Table I . Our proposed method achieves the best results for joint denoising and demosaicing on both the Panasonic and Canon test sets in the MSR dataset. Compared to the previous state-of-the-art results (SEM by [2] ), our method produces an improvement of 0.38dB (linear space) and 0.72dB (sRGB space) on the Panasonic test set, and of 0.61dB (linear) 1.28dB (sRGB) on the Canon test set.
This experiment corroborates the ability of our deep learning-based model to generalize well to a different dataset (training on Panasonic images and testing on Canon images). This strength of our solution is also noticeable with an improvement of 0.71dB/1.05dB we get over another deep learning base method [1] on Linear/sRGB Panasonic. Our improvement is despite the fact that we train only on the MSR dataset, which contains just a few hundred images, while the training in [1] relies on an external dataset with millions of images.
IV. FULL ISP

A. S7-ISP Dataset
To assess the performance of our full pipeline, we generated a dataset of real-world images. For this purpose, we captured, with a Samsung S7 rear camera, different scenes multiple times using a special Android application that was developed to capture a sequence of images while the phone is on a tripod and without having to touch it (to avoid camera movement).
While the scenes were chosen to contain minimal motion, a total lack of motion during the acquisition process cannot be guaranteed because the capturing was not performed in a Fig. 4 . User interface presented to Amazon Mechanical Turk's workers for rating image patches lab setting. For each scene, we captured a JPEG image using the camera fully automatic mode and saved the original raw image too. In addition, we captured a low-light image of the same scene, stored in both JPEG and raw formats. The lowlight image was emulated by capturing the same scene with the exact same settings as those chosen by the camera in the automatic mode, except the exposure time that was set to be quarter of the automatic setting. Since the camera supports only a discrete set of predefined exposure times, the closest supported value was selected.
A total of 110 scenes were captured and split to 90, 10 and 10 for the training, validation and test sets, respectively. The relatively small number of images in the dataset is compensated by their 3024 × 4032 (12M pixel) resolution. Thus, when training on patches, as common in DL-based methods, this dataset effectively contains many different samples. Even for relatively large 256 × 256 patches, it effectively contains over 20 thousand of non-overlapping patches (and more than a billion different patches). 1 
B. Mean Opinion Score
To account for the fact that it is difficult to define an objective metric for the full pipeline, we performed a subjective evaluation, generating the mean opinion score (MOS) for each image using Amazon Mechanical Turk to quantitatively assess its quality. Two types of experiments were performed. The first experiment involved full images, where human evaluators were presented with a single image and were asked to rate its quality on a scale from 1 (bad) to 5 (excellent). In the second experiment, for rating the quality of details, evaluators were presented with multiple versions of the same patch side by side and were asked to rate each of them. The displayed patch size was set to 512×512 pixels (about 2% of the total image). 1 The dataset will be released to the public domain upon publication. [42] . Magenta: Samsung S7 ISP output for low-light images. Yellow: our output for the same raw image. Cyan: Samsung S7 ISP output for a well-lit scene, which serves as a ground truth.
MOS patches MOS images
Evaluators were instructed to "rate the image quality according to factors like natural colors, details and sharpness (not the content of the image, e.g., composition)". Each evaluator was provided the opportunity to rate a specific example only once, but the exact same evaluators did not rate all examples. The user interface presented to the evaluators is shown in Fig. 4 . In addition to scoring by humans, we also evaluated image quality by a learned model from [42] that was trained to estimate human evaluations. The model output was normalized to the range [1, 5] .
C. DeepISP Evaluation
The proposed end-to-end model was tested on the challenging task of learning the mapping between low-light raw input images to well-lit JPEG images (produced by the Samsung S7 ISP in automatic setting). The mosaiced raw image was transformed to RGB by bilinear interpolation as a preprocessing stage. We use the proposed architecture with N ll = 15 and N hl = 3. For the MS-SSIM part of the loss, we used patches of 5 × 5 at two scales. The network was trained with a batch containing a single 1024 × 1024 patch cropped at random at each epoch from one of the training images. The data were augmented with random horizontal flipping. The training lasted for 700 epochs using the ADAM optimizer with the following parameters: a learning rate of 5 × 10 −5 , β 1 = 0.9, β 2 = 0.999, = 10 −8 . For faster convergence, the parameters of the learned operator W were initialized with an affine operator W init ∈ R 3×4 . In this initialization, W init , we mapped only the first-order monomials of each pixel to a new RGB value, so it did not contain the elements that correspond to second-order monomials (they were initialized to zero in W ). We performed linear regression from input pixels to target pixels for each sample in the training set to get such an affine operator. As we get several operators in this way, W init was set to the average of them. We use a linear transformation W i ∈ R
3×4
as the initialization of the full operator W ∈ R 3×10 , zeroing its non-linear coefficients, due to this averaging operation. Unlike the affine operator, an average of multiple full operators did not lead to a reasonable operator, i.e., this average of several transforms in R 3×10 did not generate plausible images and did not serve as a good starting point for the optimization.
To evaluate the reconstruction results we use mean opinion score (MOS), which has been generated using the Amazon Mechanical Turk for both full images and patch level as specified above. A total of 200 ratings have been collected for each image (200 per version of an image, i.e., DeepISP output, Samsung S7 output and the well-lit ground truth): 100 ratings for 10 random patches and additional 100 for the full image. Fig. 5 DeepISP for well-lit images. Despite the fact that our work is focused on ISP for low-light images, we also show that our proposed model can be used for well-lit images. For this purpose, we trained a similar model for well-lit images. However, unlike the low-light case, where we had a higher quality image that we could use as the ground truth, in this case, we have only the raw version and its processed JPEG version from the Samsung ISP. With these limitations, we trained our network to mimic the Samsung ISP, having the "well-lit" raw image (captured in fully automatic mode) as the input to the network and the JPEG as its target "ground truth".
For training the network we use the same training procedure, same hyper-parameters and number of epochs as for the low-light processing experiment described above. The initial transformation for the high-level part-W i , was computed for these inputs in the same way described for the low-light case. Note that we trained the network in sub-optimal conditions as we had only the JPEG images as the target output and not (noiseless) higher quality image. Nevertheless, the model was able to mimic the ISP and generate pleasant looking images which are indistinguishable from the ground truth when examining the full-scale image and are close to the ground truth when examining details (Fig. 6) . One should keep in mind that the ground-truth images used in the training are the upper bound for what we can expect to achieve.
This experiment demonstrates that a neural model can learn to mimic an ISP given as a black box. Moreover, the good results achieved in this setting combined with the good lowlight processing results achieved when the high-quality ground truth was given, we argue that our DeepISP architecture is likely to produce a better output when given a higher-quality ground truth at training.
Importance of shared features. We trained a modified DeepISP to study the effect of simultaneous learning of lowand high-level corrections. When the connection between the low-level and high-level stages was severed (no shared features, i.e., the high-level part just gets the output image of the low-level stage), we observed degraded image quality, predominantly associated with less pronounced colors (Fig. 7) .
V. CONCLUSION
In this paper, we presented DeepISP -a novel end-to-end deep learning model that performs the full ISP of a digital camera. Although deep learning has been applied previously to different tasks in the image processing pipeline, to the best of our knowledge, this is the first attempt to tackle all of them simultaneously. Such an approach has the advantage of sharing information while performing different tasks. This has the potential to lower computational costs compared to the case when each processing step is performed independently.
The DeepISP model demonstrated its ability to generate visually compelling images from raw low-light images. The Well-lit (ground truth) Low-light raw input Samsung S7 DeepISP output of the Samsung S7 ISP was used as the reference both with low-light and well-lit raw inputs. To evaluate the image quality, we relied on both human ratings (MOS) using Amazon's Mechanical Turk and DeepIQA [42] -a DL model that predicts subjective image quality. In the human evaluation of full images, DeepISP images scored 7% higher than the manufacturer ISP and just 0.7% below the equivalent welllit images. Similar trends were observed with the DeepIQA measure.
When compared to the manufacturer images it is important to note that the camera ISP is tailored for the hardware used. For example, sensor response to different light sources may be measured in a lab setting and saved in the camera memory. This information can be used later for image processing. While we do not have access to this kind of information, it is learned implicitly by DeepISP, which makes it a universal solution that is not device dependent and can be adapted to any camera.
We also tested the performance of our solution on a lowlevel image processing task to measure its performance in terms of an objective metric (PSNR). We considered the problem of joint denoising and demosaicing. Our technique outperformed the state-of-the-art (both DL-based and axiomatic methods) by 0.72dB PSNR on the Panasonic MSR Dataset. For the task of training on the Panasonic MSR Dataset and testing on the Canon MSR Dataset, our network demonstrated its ability to generalize well, outperforming by 1.28dB PSNR over the previous solutions.
While there is no "agreed objective metric" for measuring the general quality of an image in the end-to-end case, our study suggests that networks for measuring quality such as DeepIQA can serve as such. As observed in our experiments, DeepIQA score is well-correlated with human perception. Future work may use a network similar to DeepIQA to improve the perceptual quality of our network even further. It can be used as part of the loss and it gradients can be propagated through the networks. This may serve as an alternative to the popular adversarial loss, which is used in other studies.
